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The optimization of energy consumption is crucial for energy management at each level. This research study
investigates the different methods that have been used over time to calculate energy consumption using com-
bined machine learning models, specifically hybrid and ensemble models. The first one mentioned combines
different machine learning techniques with statistical methodologies that aim to handle non-linear relationships
in complex data sets. Some of these representative algorithms are Autoregressive Integrated Moving Average—-
Long Short-Term Memory (ARIMA-LSTM), hybrid augmented with Generative Adversarial Network (GAN) and
Particle Swarm Optimization-Stacking (PSO-Stacking) which have demonstrated remarkable accuracy in various
contexts, including residential, commercial and industrial energy systems. On the other hand, ensemble models
that include stacking, boosting and bagging methods have been used to reduce calculation errors and handle
large-scale data sets that often have heterogeneous behaviors. The results of this literature review indicate that
the selection of an appropriate model that combines different machine learning techniques depends on the nature
of the data, the objective and the context of the research, since, as mentioned, hybrid models are more effective
in terms of complex, temporal and non-linear data, while ensemble models are more versatile in managing high-
dimensional data sets and reducing errors. In addition, the main challenges in this type of work are identified,
including computational load and data quality. Given this, it was found that solutions such as the implementation
of metaheuristic algorithms and feature selection are available to solve these types of problems.As of this writing,
systematic reviews specifically comparing combined machine learning models applied to energy consumption
calculation are limited. Therefore, this literature review is a novel starting point for future research that wants to
focus on this specific field and needs to solve challenges such as data complexity, time de-pendencies, and
computational load, which are oriented to the process of organizing and managing energy consumption. On the
other hand, this research offers a perspective that analyzes and contrasts the usefulness and effectiveness of these
models in different contexts, as well as identifying advantages, disadvantages, limitations, and opportunities in
various areas.

1. Introduction that energy forecast consumption is essential for microgrids optimal

management, for the efficient integration of RES and for the identifi-

Energy consumption forecasting is crucial for optimizing resources
and ensuring the efficient integration of renewable energy sources (RES)
into power grids. Traditional statistical models have been used for de-
cades, but they face limitations in addressing the nonlinear and dynamic
nature of energy consumption patterns, especially in contexts influenced
by climatic and operational factors [1]. Previous studies demonstrated
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cation of the customer flexibility. Likewise, smart metering [2]and
communications technologies [3] are converting traditional energy
networks into smart grids capable of collecting large amounts of data,
enabling real-time monitoring of consumers’ hourly energy consump-
tion [4]. Furthermore, microgrids are another emerging energy system
configuration able to change the way the electricity demand is met
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especially in no-grid-served or isolated areas [5] Research studies pre-
sent in literature shown the benefits of long short-term memory (LSTM)
layer-based artificial neural network model applied to small-scale grids
operating in small areas for short-term energy demand prediction. The
model resulted in successfully predicted energy consumption with a
mean absolute error value of 0.0464 [6]. Despite that, the comparison
among different Deep Learning (DL) approaches highlighted the exis-
tence of several open issues to still deal with. The high dependence on
the efficiency of forecasting methods from historical data, big data,
storage and high processing power devices is still a limitation of Al
model usage [7]. In response to these limitations, machine learning (ML)
techniques have gained popularity.

Speaking specifically about the two types of techniques discussed in
this review, hybrid models are characterized by a combination of
different heterogeneous methods. For example, a combination of sta-
tistical, physical, and mathematical methods that seek to solve problems
that cannot be solved individually, but which, when combined, can
achieve excellent results, achieving more robust and accurate pre-
dictions, taking into account the algorithmic synergy within a unified
structure. On the other hand, ensemble models aggregate multiple al-
gorithms to form a collective decision, the objective of which is to
improve the stability and performance of predictions, while reduc-ing
variance and bias. This is done by leveraging the diversity of the mul-
tiple learning models that constitute an ensemble algorithm. Among
these, hybrid models and ensemble methods, have shown promising
results [8,9]. These approaches have been applied in various contexts,
such as smart grids, demonstrating their ability to handle large datasets
and capture complex relationships. The implementation of smart grids
enabled the collection of a high volume of information. Moreover, the
introduction of RES increases the uncertainty in demand forecasting of
both microgrids and macrogrids [10]. A combination of Deep Learning
(DP), Reinforcement Learning (RL) and Deep Reinforcement Learning
(DRL) has been highly promoted by tech companies, allowing real-time
measurement data and warrantying the cyber security in smart grids
Fluctuation of RES generation is one of the major issues also in micro-
grids [11]. In this sector, ML techniques have shown excellent capabil-
ities to control operation management enhancing the stability, accuracy
and optimization of the energy system [12]. In the residential sector,
building characterization has always been limited by the large number
of inputs required to straighten the gap between as-designed and as-built
buildings [13]. ML algorithms have empowered the prediction of resi-
dential building consumption by providing measurements every 15 min.
In particular, previous studies validate Neural Network-based tools as
Least Squares Support Vector Machine as the best predictor for resi-
dential electrical consumption However, the literature presents
discrepant results. Some studies indicate that hybrid models effectively
capture temporal and seasonal patterns best fit for improving the ac-
curacy and stability of the power consumption forecasting by using
several artificial neural networks [14,15]. Others highlight that
ensemble methods are more suitable for noisy or incomplete data [16].
These statements need to be rigorously supported by deeply analyzing
these different techniques, their potential and existing applications and
the advantages each of them offers in specific consumption scenarios. In
this framework, this research study analyzes about 54 scientific articles
and case of study about the use of hybrid models and ensemble methods
for energy consumption forecasting. It compared the employed meth-
odologies, model performance, and technical applications across
different sectors, such as microgrids, smart buildings and energy systems
on a national scale, addressing the topic not only with theoretical studies
but also by analyzing practical cases that show how these models work
and what optimized results they can obtain. Finally, it provides a
comprehensive and unique perspective on these ML emerging tech-
niques identifying opportunities and challenges.
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2. Research methodology

The methodology employed to conduct this research study on the
latest advancements in hybrid and ensemble ML methods for energy
consumption forecasting is shown in Fig. 1 and Table 1.

The primary step consists of the selection of the search database. An
indexed database with full-text links is used. The database is chosen to
take into account the fields of the research articles, the subject matters,
the coverage, and the most relevant publication metrics. The second step
is the manuscript search process. The search process has been carried out
in 3 stages: pre-screen, in-screen and post-screen process.

During the pre-screen process, the manuscripts have been selected by
taking into account the following inclusion criteria.

e Period of publication

e Max Date of publication

e Type of manuscript (Research article, Review, Conference pro-
ceedings, theses, and grey literature)

e Topic keywords

The topic keywords will be used to build the search query algorithm
that are used to carry out the research.

Before ending the pre-screening, the manuscripts resulting from the
search process are ordered and processed as follows.

e Number of citations
e Elimination of the duplicated manuscripts

Secondly, the in-screen process has been done. During this stage, the
relevance of the collected manuscripts has been evaluated by taking into
account the following inclusion criteria.

o Title affinity with the topic.

The title affinity has been evaluated through a Likert grade (1 - Very
irrelevant; 2 — irrelevant; 3 — Somewhat relevant; 4 — Relevant; 5 — Very
relevant)

e Abstract interest.

The abstract interest has been evaluated has been evaluated through
a Likert grade (1 — Very irrelevant; 2 — irrelevant; 3 — Somewhat relevant;
4 — Relevant; 5 — Very relevant)

Finally, in the post-screen process, the following screening criteria
have been taken into account.

e Full-text analysis and Relevance of the results

This parament has been evaluated has been evaluated through a
Likert grade (1 — Very irrelevant; 2 — irrelevant; 3 - Somewhat relevant;
4 — Relevant; 5 — Very relevant)

At the end of the screening process, a pool of articles with a total
Likert grade upper than 13 points (where 15 points is the maximum
value) has been selected.

Once a pool of previous studies has been identified, the most relevant
findings for hybrid machine learning models and ensemble methods
have been analyzed and discussed in the perspective of their impact on
smart grids, microgrids networks and residential and industrial
applications.

In the appendices section, the step-by-step process for selecting ar-
ticles in the different databases is explained, which has been shortened.
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Fig. 1. General workflow of the research methodology.

Table 1
Research methodology.

Stage Criteria and Activities

1. Database Selection - Selection of an appropriate indexed database

- Coverage of relevant publications

- Impact metrics (e.g., citation counts, h-index)

Pre-screen:

- Inclusion based on publication period

- Maximum publication date

- Type of manuscript (research articles, reviews, theses,
etc.)

- Use of keywords

- Use of topic keywords to build search queries

- Removal of duplicate manuscripts

- Sorting by citation count

Evaluation criteria:

- Title relevance (Likert scale 1-5)

- Abstract relevance (Likert scale 1-5)

- Full-text analysis

- Relevance of results (Likert scale 1-5)

- Final selection of manuscripts with a total score higher
than 13 points (maximum 15)

- Classification based on the impact on smart grids,
microgrids, residential, and industrial applications

2. Manuscript Search
Process

2.1. Pre-screen
Process

2.2. In-screen Process

2.3. Post-screen
Process

3. Classification of
Findings

3. Comparative analysis of hybrid models and ensemble models
3.1. Hybrid Models for Smart Grids

A hybrid machine learning model refers to the combination of
several algorithms, which are used together to improve performance and
prediction compared to a traditional machine learning model. This is
done in order to take advantage of the strengths contained in each model
individually. These algorithms are designed to handle complex and non-
linear data, which improves the accuracy and capacity in the prediction
of the different parameters. These types of models improve robustness
against noisy or incomplete data and can better adapt to changing sit-
uations, making them more effective in scenarios such as energy
systems.

In this research, hybrid models were classified into 2 categories.

e Models based on Neural Networks for Smart Grids
e Models based on Metaheuristic Optimization for Smart Grids

This classification of hybrid models was established according to the
prevalence of the consulted literature since most research uses one of
these techniques as part of their strategies for the optimization of their
results.

3.1.1. Neural network-based models for smart grids

Neural networks are bio-inspired ML algorithm that imitates func-
tion and behavior of animal brains. They are versatile and accurate tools
to do regression, classificate, forecast of energy patterns dealing with
large, high-dimensional data sets.

In the articles cited in this section, it is observed that there are
different prominent methodologies such as long short-term memory
networks (LSTM), convolutional networks (CNN), bidirectional neural
networks (BiGRU) and hybrid combinations that incorporate attention
and optimization mechanisms through evolutionary algorithms, which

often present better performance than traditional machine learning
models, this can be seen in the different comparisons of metrics cited in
the studies mentioned in this section.

In this type of hybrid models that base their composition on neural
algorithms, they are built based on Deep Learning architectures, which
are responsible for understanding and processing different measure-
ments of energy consumption that behave in different ways, for
example, methodologies such as CNN-LSTM use convolutional neural
networks (CNN) that analyze time series to extract special characteris-
tics from them, such as behavioral patterns that are then loaded into a
Long Short-Term Memory (LSTM) network that can model those long-
term temporal dependencies, in addition to using this same LSTM
model but with attention, they do this with the aim that the network
learns to focus on the most relevant parts of the input sequence and thus
improve the accuracy of the desired calculation.

Fig. 2 presents a general scheme of neural network-based hybrid
models, such as CNN-LSTM or BiGRU, which combine convolutional and
recurrent layers to process energy consumption time series.

On the other hand, the articles selected in this section focus exclu-
sively on the application of neural network-based models within smart
grids (see Table 4). These studies address key aspects such as energy
optimization, load forecasting, fault detection, and grid management. In
addition, the articles have also been classified according to the specific
field of application, distinguishing between industrial applications (such
as factories and production plants), smart buildings, residential (homes
and communities) and national and regional consumption. Table 5
shown at the end of this section summarizes this type of classification for
all the articles cited (see Table 6).

One of the main articles that talks about the calculation of energy
demand in smart grids is [17], in this research the authors developed a
model which is a two-level set that combines support vector machines
(SVM), convolutional neural networks (CNN-1D) and long short-term
memory networks (LSTM). To calculate this consumption, data from
the UMass Smart data set was used, which shows the electrical con-
sumption and the different climatic conditions, primarily in residential
settings. In addition to using the individual model, it is combined with
the shallow neural network technique, which improves the prediction
accuracy. Among the authors’ conclusions, it can be seen that the hybrid
model they developed is more expensive than a conventional model.
However, it outperforms traditional approaches with a significant
improvement in accuracy, achieving an overall R? of 0.956, a Root Mean
Square Error (RMSE) of 0.068 (kW), Mean Absolute Error (MAE) of
0.00073 (kW) and a Mean Absolute Percentage Error (MAPE) of 4.2 %,
demonstrating the effectiveness of the proposed ensemble model in both
short-term and long-term load forecasting.

Another important study is the one conducted by Ref. [18]which
focuses on the creation of a hybrid algorithm that improves the pre-
diction of energy consumption in different households. To achieve this
goal, a combination of different methodologies is proposed in the hybrid
model, mainly Parallel Long Short-Term Memory with Singular Spec-
trum Analysis (PLSTM with SSA), to correct anomalies during sensor
failures and data inconsistencies. This study investigates the prediction
of residential energy consumption in smart grids by computing data
collected from five households in the UK. The hybrid model gave better
results than some reference models, achieving the performance of RMSE
= 0.0043 kW, MAE = 0.0028 kW and MAPE = 6.67 % based on data
from household 1, giving much faster returns, which can eventually
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Fig. 2. General architecture of neural network-based hybrid models.

transform into lower costs.

Another model that predicts energy consumption is the one proposed
by Ref. [19], this research focused on analyzing different model archi-
tectures, among the most important are LSTM, CNN-LSTM, and
Sequence-to-Sequence with Attention (Seq2Seq-Attention). The data
used for the evaluation of these algorithms were European Network of
Transmission System Operators for Electricity (ENTSO-E) and Google
Trends, in addition to data processed and standardized with Scikit-learn,
which were finally evaluated with metrics such as MSE. The maximum
performance was exhibited by the CNN-LSTM model with Google trends
having an MSE of 1.045 (RMSE ~ 1022 kW. Converted from reported
MSE in MW?)., while without Google trends, it attained an MSE of 1.076.
The LSTM had an MSE of 1.071 with Google Trends and 1.084 without
it. The Seq2Seq-Attention had an MSE of 1.155 with an MSE of 1.167
without Google Trends. Extraction of green energy reliable demand
forecasting was among the study’s outspokenness, pointing to the sup-
port placed by Google Trends external data for algorithm utilization.
This is most important for its applicability in industrial, economic and
residential use, where it provides insight into energy demands in
different usage situations.

Similarly, there is a study that analyzes energy consumption in a
house in Houston, Texas, where parameters such as the characteristics of
the house, meteorological data, and the energy consumption of the
house are used to model the algorithms [20]. The models used were
Convolutional Long Short-Term Memory (ConvLSTM) and Convolu-
tional Neural Network-Long Short-Term Memory (CNN-LSTM) together
with two linear models (LSTM and CNN) and their effectiveness was
evaluated with the MAE, MAPE and RMSE metrics. The results showed
that the ConvLSTM model outper-formed the other algorithms, as they
demonstrated superior accuracy with improvements of 4.52 % for 1-day
pre-dictions (MAE of 3.69 kWh, RMSE of 5.39 kWh, and MAPE of 18.48
%), 9.59 % for 3-day predictions and 10.53 % for 6-day predictions
compared to the other models.

Similarly [21], proposed a hybrid model for the prediction of
short-term multi-energy loads but this time applied to industrial areas.
The researchers created the model from the combination of CNN and
Bidirectional Gated Recurrent Unit (BiGRU). The data used were the
energy consumption per hour, in addition to heat and cooling. The
objective of the research was to reduce prediction errors and this was
achieved, specifically the MAPE decreased by 63.39 % for electricity,
73.03 % for heat and 61.86 % for cooling compared to individual pre-
diction models. For electricity load prediction, the model achieved a
MAPE of 2.57 %, RMSE of 652.33 kW, MAE of 462.47 kW, and R? of
0.9402.

Continuing with the study of research, it is identified that [22]
proposed a two-stage attention-based long-short-term memory neural
network model Enhanced Dual Attention Long Short-Term Memory
(EDA-LSTM) for energy demand prediction, using daily meteorological
and electricity demand data from Pudong, Shanghai (2015-2018). This

study focused on residential energy consumption, particularly in the
context of Smart Grids. As expected, this combination of models
improved energy consumption prediction over individual algorithms
with a (MAPE) of 4.57 % and additional metrics, including a MAE of
3111.55 and RMSE of 4015.04 for a 100-day prediction period.

Speaking specifically about industrial energy [23], make a study
where they develop a hybrid model that combines Adaptive Neurofuzzy
Inference systems (ANFIS) with gene expression programming (GEP),
using data such as monthly historical data on electricity consumption,
along with environmental factors such as temperature and humidity,
and temporal variables such as month and year. This study addresses the
plans for long-term energy consumption in industries; in this case, the
authors examined the food processing sector in Uganda. The authors
concluded that their hybrid GEP-ANFIS model outperformed individual
algorithms with respect to their prediction, achieving a MAPE of 0.1934
%, an MAE of 0.0005, and an RMSE of 0.0007. The model further
indicated very good performance with an R? coefficient of 0.9841. This
research is directly applicable to Smart Grids, with industrial load
forecasting offering the most accurate planning approach towards the
optimization of energy distribution in contemporary power networks.

Similar to the previous study [24],we propose a hybrid algorithm
that combines Improved Convolutional Neural Networks (Impro-
ved-CNN), Bi-Directional Long Short-Term Memory (Bi-LSTM), Graph
Neural Networks (GNN), Transformer Models, and fusion layer in order
to obtain more accurate and less error-prone calculations. Compared to
other simpler approaches, this hybrid algorithm shows excellent results
with RMSE: 5.7532 Wh, MAE: 6.7532 Wh, MAPE: 3.5001 % and R%
0.9701. The study utilizes historical energy consumption data collected
from smart buildings, focusing on improving energy load predictions
within the context of Smart Grids.

Analyzing other research, it is interesting to mention the work by,
[25].The authors of this work propose to build a hybrid model based on
variational modal analysis (VMD) with bi-directional recurrent units
(Bi-GRU), with the aim of calculating energy consumption in smart
homes. It is important to mention that the authors used a VMD algorithm
to decompose the data that were presented as time series, into intrinsic
modal functions (IMF). To build the algorithm, the variables that were
used were: energy consumption as the dependent variable, meteoro-
logical variables, temperature, humidity, dew point and time of day as
independent variables. Among the main results of the model, different
metrics were found (MSE of 0.0038 kW, RMSE: 0.0616 kW MAE of
0.046 kW, MAPE of 0.11 % and an R? of 0.98) which indicate that the
algorithm had excellent precision in calculating and optimizing energy
consumption.

Continuing with the analysis of research, another important work is
the one developed by Ref. [26].Here the authors propose an algorithm
based on parallel long-term memory neural networks (Parallel LSTM,
PLSTM) and singular spectrum analysis (SSA), which is a hybrid model
that allows calculating energy consumption, which was measured with
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sensors in residential smart grids, where, specifically, it contains elec-
tricity data in household appliances in five homes in the United
Kingdom. Some of the values that can be observed in the simulation
results are the following: MAE ranging from 0.0020 to 0.0028, MAPE
between 4.06 % and 10.55 %, and RMSE from 0.0037 to 0.005. For the
best-performing household, the Singular Spectrum Analysis—Parallel
Long Short-Term Memory (SSA-PLSTM) model achieved a MAE of
0.0028 kW, RMSE of 0.0043 kW, and a MAPE of 6.67 %.This indicates
that the model has a high precision capacity with respect to other in-
dividual algorithms and conventional statistical techniques.

Using a slightly different methodology than the one discussed in this
section [27], create a hybrid model combining Gated Recurrent Unit
(GRU), Multi-Modal Attention (MMattention), and Light Gradient
Boosting Machine (LightGBM), integrated with Prophet-based feature
extraction. Like the algorithms described earlier in this review, the main
goal of these investigations is to make the model more accurate and
optimal than individual algorithms, this is achieved by taking advantage
of the different advantages of each model: Prophet to decompose time
series data into components such as trend, seasonality and residuals;
GRU-MMattention to capture temporal dependencies; and LightGBM for
parameter optimization. The results found as expected were successful, a
8.66 % reduction in relative error compared to GRU alone and a 2.02 %
improvement over LightGBM could be observed. Metrics such as MAPE,
MAE and RMSE further validated their performance, showing optimal
values. The study utilizes historical energy consumption data from
regional power systems (PJM) to enhance prediction accuracy within
Smart Grids. The final model achieved a MAPE of 1.69 %, MAE of
157.07 MW, and RMSE of 207.68 MW.

Similarly [28], uses the advantages of Prophet and LSTM models, to
create a hybrid algorithm that specifically works on maintaining sea-
sonal patterns while capturing intricate temporal relationships in des-
caled data, and in this case, calculating energy consumption. The study
analyzed monthly energy consumption data from seven countries:
Canada, France, Italy, Japan, Brazil, Mexico, and Turkey, from 2006 to
2017, focusing on national energy consumption with a potential appli-
cation in traditional power grids and Smart Grids. Similar to the various
hybrid models mentioned, this algorithm provides better results
compared to individual models such as independent neural networks
and other statistical techniques, achieving MAE values in the range of
845.159-8880.816 and RMSE values from 1051.658 to 4119.490,
depending on the nation being studied. This adds to an ever-growing
number of articles indicating how hybrid models based on the decom-
position approach do a better job than some of the other independently
working algorithms. The article does not report MAPE or R? values for
the evaluated models.

Similarly, the paper proposed by Ref. [29] proposes an algorithm for
forecasting electricity demand by coupling empirical modal analysis
(EMD) networks with long short-term memory (LSTM) networks. This
hybrid system is used to perform time series prediction tasks in the en-
ergy domain with higher accuracy. This study mainly focuses on
regional electricity consumption, and it can find application in tradi-
tional power grids and Smart Grids because of their critical importance
to grid stability and energy management. EMD helps to extract useful
patterns from the data, while LSTM networks naturally model the tem-
poral behavior of virtually every mode. The first step of this method is to
apply EMD to simplify the analysis of a complicated time series of
electricity demand data into intrinsic modal functions (IMFs). The IMF
reflects distinctive oscillatory modes within the data, thereby isolating
certain frequency components. The LSTM networks model and produce
forecasts for each IMF separately, thus taking full advantage of advances
in long-term dependencies in sequential data. The final forecast is then
obtained by fusing the individual forecasts of each IMF into the original
signal. Empirical tests carried out on statewide electricity demand data
for California ISO encompassing regional energy usage reported RMSE
of 278.76, MAPE of 9.52 %, R-squared of 0.9221 for 24-h forecasts, and
were observed to outperform traditional forecasting methods. The
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EMD-LSTM hybrid substantially outperforms more classic forecasting
techniques, that is, single-mode LSTMs and classical statistical methods.
This synergistic work improves forecasting accuracy and enables to
determine the complexities inherent in electrical load time series during
capture, which is extremely effective.Another relevant research that
explores this type of models is the one carried out by Ref. [30], where
the authors present a hybrid algorithm for the prediction of energy
consumption (Fuzzy Recurrent Neural Network (Fuzzy-RNN)), which
combines fuzzy logic and recurrent neural networks (RNN). To build the
model, energy demand data were used along with different climatic
variables such as dry bulb temperature and dew point temperature,
which presented non-linear relationships between them. Hourly con-
sumption was measured from January 2013 to December 2014, taking
into account the different patterns presented on weekdays, weekends
and holidays, in order to observe their fluctuations depending on the
circumstances of the day. The authors conclude that the predictions of
this algorithm are significantly better than other conventional models
(RNN, ANN, SVM or GRNN: 1.76 % MAPE). These were achieved thanks
to the combination of models and the use of fuzzy logic.

Another interesting hybrid model to analyze is the one proposed by
Ref. [31], which combines long-short-term memory (LSTM) networks
with an improved sine-cosine optimization algorithm (ISCOA). Like the
previous models presented, the main objective of this algorithm is to
calculate and optimize energy consumption. Different variables were
used to build it, among the main ones were: climatic variables such as
temperature and humidity, historical data on energy consumption, oc-
cupancy patterns and temporal characteristics, which were extracted
from measurements in smart buildings. According to the MAE, MAPE
and RMSE metrics, it was concluded that the model was successful
compared to other individual algorithms, since it achieved precision
improvements of 15-25 %. In the short-term prediction scenario, the
ISCOA-LSTM model achieved a MAE of 0.0610, RMSE of 0.0861, and
MAPE of 5.2961 %.

On the other hand, the one proposed by Ref. [32] proposed a hybrid
model designed to predict energy consumption, combining empirical
modal investigation (EMD), least squares support vector regression
(LSSVR) and quadratic exponential smoothing (QES). The context of the
study is developed in the cement grinding process, where production
conditions, control methods, material composition and fineness are
taken into account for the calculation of energy consumption. There was
considerable empirical evidence to assert that the hybrid
EMD-LSSVR&QES model outperformed the traditional models showing
RMSE of 10.81 kWh and MAPE of 0.13 % for one-step-ahead forecasts.
The model’s effectiveness in explaining such variations in energy de-
mand was also attested to by a trend direction accuracy (Dstat) of 85.34
%. The study focuses on industrial energy consumption and is particu-
larly relevant for optimizing energy usage in large-scale manufacturing
processes within industrial grids. Like most hybrid models, this algo-
rithm allowed to improve the results compared to individual models, in
addition to the optimization of time and other variables.

Similarly [33],developed a hybrid model that combines an adaptive
differential evolution algorithm (ADE) with back propagation neural
networks (BPNN), for the calculation of energy consumption such as
EEC (electrical energy consumption) and TEC (total energy consump-
tion). To create the algorithm, the authors used variables such as GDP,
population, imports and exports. The results of the research showed that
the ADE-BPNN model outperformed individual energy calculation
methods since a 44.96 % reduction in MAPE was achieved. In addition,
the study highlighted the main influence of GDP and population on
energy consumption, contrary to exports, which were identified as a less
significant factor than the other variables studied. The best performance
was obtained with a MAPE of 1.639 %, MAE of 2.0141 GWh, and RMSE
of 2.9591 GWh.

A final algorithm analyzed in the compendium of hybrid models was
the one proposed by Ref. [34], where the authors present a model
applied to solar energy consumption in Denmark, using variables such as



V.H. Rondén-Cordero et al.

wind speed, temperature and solar production for training the algo-
rithm. Basically, the model is a combination of CNN with LSTM, which
achieved an RMSE of 7.5 % for a 24-h forecast, 7.7 % for a 48-h forecast
and 7.9 % for a 72-h forecast, compared to traditional models, such as
Random Forest and Support Vector Machine. Finally, the authors can
conclude that this combination of CNN with LSTM is quite effective as a
hybrid model compared to other individual models.

The following table summarizes findings about Neural Network-
Based Models used in energy consumption forecasting.

Table 2 presents different hybrid models used for energy consump-
tion prediction, grouped by similar algorithms based on the references
included in this section. The models are classified into categories such as
LSTM variants (LSTM, CNN-LSTM, BiGRU, PLSTM), hybrid models with
statistical techniques (SSA, VMD, EMD, QES), neuro-fuzzy and evolu-
tionary models (ANFIS, GEP, ADE), attention-based hybrid models
(EDA-LSTM, Transformer, GRU-MMattention), and convolutional and
Sequential hybrid models (CNN, Improved-CNN). Additionally, the table
highlights the specific applications of each model, indicating whether
they are focused on residential, industrial or regional energy consump-
tion.On the other hand, Fig. 2 shows the MAPE (Mean Absolute Per-
centage Error) value, which is a value that predicts how far the model’s
prediction value is from the actual value.

Fig. 3 details the MAPE value in the different machine learning
models grouped by application scenarios: residential, smart buildings,
industrial, national, and regional. The first thing that stands out is that
the models generally have a MAPE of less than 5 %, and specifically the
models applied to industries have the lowest values. This could be
because in industrial processes, energy consumption may follow repet-
itive patterns, in automated processes with less human variability, and
because measurement systems are more precise, compared to, for
example, residential complexes where there is heterogeneity in human
energy consumption. It is worth noting that two investigations did not
present a real MAPE value, therefore, they do not present a numerical
relationship in Fig. 1. Despite the above, the model with the lowest
MAPE was the VMD + BiGRU [25] applied to smart homes, with a MAPE
of just 0.11 %. VMD (Variational Mode Decomposition) is used to
decompose the power consumption series into several simpler modes,
eliminating noise and abrupt fluctuations. In addition, the bidirectional
version (BiGRU) reads information forward and backward in time,
which better captures complex temporal relationships.

Although it was mentioned that the best performer was the industrial
field, the use of this type of algorithm and the particularity of being a
smart home, with better-controlled conditions for data measurement,
could have influenced the lower MAPE compared to the others.

Table 2
Neural network-based models.

Studied Models Main Characteristics Applications & References

LSTM Variants [17] - Residential [18], -
Residential [19], - Regional
[20], - Residential [21], -
Industrial [22], - Residential

[29], - Regional

It capture temporal
dependencies.

Hybrid models with It integrates statistical [18] - Residential [25], -
statistical techniques like SSA, Residential [29], - Regional
techniques VMD, EMD, and QES. [32], - Industrial (Cement)

Neuro-Fuzzy and It combination is to [23] - Industrial (Food
Evolutionary handle non-linear Processing) [31], - Smart
Models relationships. Buildings [33], - National

Attention-Based It uses to improve [24] - Smart Buildings [27], -
Hybrid Models prediction accuracy and Regional [28], - National

[32], - Industrial

[24] - Smart Buildings [34], -
Regional energy
consumption

reduce errors.
It is for better temporal
modelling.

Convolutional and
Sequential Hybrid
Models
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3.1.2. Metaheuristic optimization-based models for smart grids

In this type of hybrid algorithms, their construction is based on
models such as Particle Swarm Optimization (PSO), Grey Wolf Opti-
mizer (GWO) or Jellyfish Search, which are combined with machine
learning or Deep Learning in order to optimize internal parameters,
searching for different configurations of hyperparameters that minimize
errors in the prediction of energy consumption, that is, they behave as
optimization tools for machine learning models. Some of these algo-
rithms are described below:

Particle Swarm Optimization (PSO): This technique is scientifically
based on the behavior of swarms. Each particle studies the space of
different solutions and then adjusts its position based on previous
experience.

GWO (Grey Wolf Optimizer): This algorithm is inspired by the social
hierarchy of wolves, whose objective is for the best solutions to guide
others in finding new ones.

Jellyfish Search: This algorithm is based on the feeding behavior of
jellyfish. It combines global exploration based on random movements
with local exploration, the goal of which is to find the most optimal
solutions.

This section describes all the hybrid models used to calculate energy
consumption using these described methodologies, finally the cited ar-
ticles were further classified into four categories: residential, smart
buildings, industrial, and regional consumption, and this summary is
presented in Table 3.

Fig. 4 shows the general structure of hybrid models where meta-
heuristics optimize machine learning configurations for better predic-
tion performance.

The first study to analyze is the one carried out by Ref. [35], who
built a hybrid model that is capable of predicting the energy consump-
tion of buildings, using a model called PSO-Stacking, which integrates
particle swarm optimization (PSO) with machine learning algorithms.
The main objective of creating the model was to improve the forecasting
accuracy while optimizing training time. The three algorithms that
supported the feature selection stage were Recursive Feature Elimina-
tion (RFE), Random Forest (RF), and Variance Threshold (VT). The
variables that were used to train the model were relative humidity, dry
bulb temperature, atmospheric pressure, solar radiation, and others.
Like other hybrid models, this algorithm outperformed different indi-
vidual models, which can be validated with the improvement of some
symmetrical variables such as MSE of 242.42, RMSE of 15.56, MAE of
10.80, R? of 0.97, and MAPE of 5.56 %. The study was successful
because, in addition to improving accuracy, training times were signif-
icantly reduced. The model was applied specifically to campus buildings
using data collected from a university building in Cambridge,
Massachusetts.

On the other hand, the study carried out by Ref. [36]developed an
algorithm that mixed different metaheuristic techniques, starting from
linear and non-linear models which used algorithms such as Seasonal
Autoregressive Integrated Moving Average (SARIMA) and Least Squares
Support Vector Regression (LSSVR) that were finally optimized by the
Jellyfish Search (JS) algorithm, a method that demonstrated superior
performance in parameter tuning compared to other metaheuristic
techniques. The data used was a set of energy time series parameters,
which gave rise to a successful model in terms of accuracy and
computational efficiency. It should be noted that this model needed
fewer input variables (4 inputs) compared to other models in the liter-
ature, which generally used between 7 and 32 variables. The accuracy of
the JS-LSSVR (SARIMA, LSSVR) model was demonstrated with an RMSE
of 12.84, MAE of 164.86, and R? of 0.966, and MAPE of 2.98 % when
tested on regional electricity consumption datasets, confirming its su-
perior performance in regional energy supply planning applications.

Another relevant research was carried out by Ref. [37]where a
medium-term prediction model was developed for the consumption of
electric energy specifically in oil pipelines. The hybrid model uses sup-
port (SVM) and genetic algorithms (GA) where SVM is used for the
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Table 3
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MAPE (Mean Absolute Percentage Error).

VMD + BiGRU 0.11
SSA + PLSTM
ISCOA-LSTM
GEP-ANFIS g 1934
EMD-LSSVR & QES - .13
EDA-LSTM 4.57
CNN-LSTM + Google Trends
CNN-BiGRU
ADE-BPNN

4.2
5.296

7.56

13.34
M SmartBuildings

Residential
9.52 Regional
1848 National

M Industrial
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Metaheuristic optimization-based models.

Fig. 3. Mape (mean absolute percentage error).

Studied Models

Main Characteristics

Applications & References

PSO-based It combines PSO with various Smart Buildings [35],
Models machine learning algorithms National Energy
like SVM, GRNN, and MLR for Consumption [40], Industrial
optimization. (Copper Foil Production)
[42]
Genetic This algorithm is frequently Industrial (Oil Pipelines)
Algorithm- used to optimize different [371, Industrial (Oil

based Models

parameters in all types of
models, including hybrid
ones.

Pipelines) [39]

Symbiotic and It is inspired by parameters Regional Energy
Nature- that exist in real life such as Consumption [36],
inspired Jellyfish Search, SOS, and Residential [41], Regional
Models GWDO Energy Consumption [38]
Table 4

Ensemble Model.

Studied Models Main Characteristics Applications &
References
Stacking-based It combines base models like Industrial (Steel
Models Extra Trees Regressor, Industry) [43],

AdaBoost, Random Forest Industrial (National)
Regressor, and XGBoost for [44]

optimization. Focuses on
improving RA%, RMSE, and
MAE metrics.

It employs the Voting

Voting Regressor Residential (Jaipur,

Models Regressor technique for India) [45]
energy prediction in
residential buildings using
features like building type,
size, and appliance usage.
Hybrid and This combination enhance Residential (South
Spatiotemporal accuracy in residential energy ~ Korea) [46]
Models consumption forecasts.
GAN-based Ensemble Ensemble model is built using Various Energy
Models GANS, stacking five models: Consumption Scenarios

SGD, SVC, XGBoost, [47]
LightGBM, and KNN.
Two-Level Ensemble It uses a two-level ensemble

Models

Regional Consumption
model to predict energy [48]

demand in smart grids.

It combines Deep Learning and
Random Forest algorithms to
predict monthly energy
consumption.

Deep Learning and
Random Forest
Models

National Consumption
(Denmark) [49]

prediction tasks and GA to optimize the hyperparameters of the model.
Although multiple operational and environmental variables such as oil
flow, system pressure and oil temperature were considered, the final
model used only turnover as the input variable. Even though conven-
tional variables were not fully used to calculate the energy consumption,
the results of the study indicated that the hybrid SVM-GA model

significantly outperformed traditional models. These results were vali-
dated by measuring different parameters such as MAPE, which was as
low as 3.05 %.

Another important study that falls into the category of metaheuristic
models in hybrid algorithms is the one proposed by Ref. [38] In this
research, the authors use a genetic wind-driven optimization (GWDO)
algorithm to optimize a hybrid model from the factorized conditional
restricted Boltzmann machine (FCRBM). On the one hand, the section of
the algorithm that is built by FCRBM uses autoregressive techniques to
train the network, while on the other hand, the section designed with
GWDO is used to optimize the model parameters, which improves the
convergence rates and the prediction accuracy. Like the previously
mentioned models, the authors use variables such as wind speed, dew
point, temperature, humidity and historical consumption data for its
construction. Finally, the researchers conclude that like several hybrid
models, the proposed algorithm presents significant improvements over
traditional models, with metrics such as MAPE of 1.10 %, which out-
performed benchmarks such as Multiple-Input Multi-Expert Deep
Ensemble-Artificial Neural Network (MI-mEDE-ANN, 2.20 %) and
Adaptive Forecast Combination-Short-Term Load Forecasting
(AFC-STLF, 2.10 %)

On the other hand, if the hydrocarbon industry is studied again, an
algorithm built by Ref. [39] is found that calculates and optimizes en-
ergy consumption in oil pipelines, which is built by Support Vector
Machine (SVM) with an Improved Particle Swarm Optimization (IPSO)
algorithm. The part of the model that uses SVM works with non-linear
relationships in energy consumption data, on the other hand, the part
that works with IPSO is responsible for optimizing parameters to
improve the prediction accuracy. Finally, the authors concluded that the
model presents significant improvements over other models.

Similarly [40], proposed a PSOCA-GRNN model to predict annual
energy consumption, which combines a General Regression Neural
Network (GRNN) and Particle Swarm Optimization with Cluster Adap-
tation (PSOCA). The data used in training the model were GDP, popu-
lation, and trade volumes (imports and exports). Like different hybrid
models, this algorithm also had a higher performance with respect to
more traditional algorithms such as PSO-GRNN and Ordinary Least
Squares (OLS) linear regression. Some of the metrics found in the
execution of this algorithm were: relative errors within a range of [—3
%, +3 %], with a lower MAPE: 1.29 % and a lower MSE: 2384.13.
Regarding the comparison with individual models, metrics such as MAE
of 6.32, R? of 0.982 and a RMSE of 48.82 were found. Which can allow
us to conclude that the model is highly effective with respect to simpler
models to build. The algorithm was applied to forecasting energy con-
sumption at the national level in China.

In earlier studies [41], Designed a nature-inspired metaheuristic
ensemble model to predict energy consumption in residential buildings.
The process, namely the Evolutionary Neural Machine Inference Model
(ENMIM), integrated Least Squares Support Vector Regression (LSSVR)
along with Radial Basis Function Neural Networks (RBFNN) using the
Symbiotic Organism Search (SOS) algorithm in optimization of param-
eters. This methodology is based on the historical data of energy
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Fig. 4. General architecture of metaheuristic optimization-based hybrid models.

consumption made available from houses located in Ho Chi Minh City,
Vietnam. The model achieved a RMSE of 36.31 kWh, MAE of 29.45 kWh,
and MAPE of 8.90 % during testing, with R? of 0.93. Compared to
benchmark models such as Deep Neural Networks (DNN) and Support
Vector Machines (SVM), the ENMIM outperformed in accuracy and
stability. With the possibility to represent complex patterns contained in
the data, these symbiont models provide a useful approach to estimating
energy consumption, assigning parameters to improve the estimates.
The model was validated against benchmark models with the results
indicating ENMIM being on par with competing approaches, which
shows it as a promising tool in residential energy management and
planning.

Similarly [42], presented some of the hybrid models based on
stacked generalization to predict the energy consumption in the elec-
trolytic preparation of copper foils. The hybrid PSVM-PMLP-MLR model
includes Support Vector Machine (SVM), Multilayer Perceptron (MLP),
and Multiple Linear Regression (MLR) as base models. Particle swarm
optimization was employed to optimize the parameters of the initial as
well as the final ensemble models. So, a general procedure was executed
comprising two main steps: base and meta. In the base phase, SVM and
MLP were performed to study different input structures along with the
optimized PSO-based combination learning to provide a lower predic-
tion error. Then an MLR model was configured for its final prediction
based on meta-learning. The experiments show that the model predicted
significantly better, achieving a RMSE of 2.4397, MAE of 2.0046, MAPE
of 1.5071 %, and R? of 0.9876. The PSVM-PMLP-MLR model delivered
10.29 % more accurate predictions than SVM and 8.28 % more accurate
than MLP, which could make it a relevant tool to optimize the energy
consumption parameters in industrial processes related to electrolytic
copper foil production.

Hybrid models based on metaheuristic optimization have demon-
strated great performance compared to traditional machine learning
models. Some of these methodologies such as particle swarm optimi-
zation (PSO), genetic algorithms (GA) and jellyfish search (JS) have a
great advantage in adjusting hyperparameters in addition to selecting
relevant features and improving the accuracy of predictive models.
Although these types of algorithms have been used in different ways in
the calculation of energy consumption, the effectiveness of these algo-
rithms depends on a balance between computational complexity and
accuracy when predicting the study parameter.

Table 3 shows a summary of the main metaheuristic optimization-
based models used for energy consumption prediction, categorized
into three groups: PSO-based Models, Genetic Algorithm-based Models,
and Symbiotic and Nature-inspired Models. Each group highlights the
key characteristics of the models and their applications in various sec-
tors, including smart buildings, industrial processes, regional energy
systems, and residential energy management.

On the other hand, it was decided to compare the performance of the
models analyzed in this section. As in the first part, the MAPE for each

algorithm was compared. In Fig. 5, it can be seen that the most optimally
performing model is the Factorized Conditional Restricted Boltzmann
Machine-Genetic Wind-Driven Optimization (FCRBM-GWDO), with a
MAPE of only 1.10 %, applied to the residential context. On the other
hand, the least accurate model was the ENMIM (LSSVR + RBFNN -+
SOS), also applied to residential environments, with a MAPE of 8.90 %.
This may be because the model uses a Factorized Conditional Restricted
Boltzmann Machine, which is very powerful in capturing nonlinear
temporal dependencies, and Genetic Wind-Driven Optimization is a very
recent and powerful algorithm. This combination could be more effec-
tive than the combined use of Least Squares Support Vector Regression
(LSSVR) and Radial Basis Function Neural Network (RBFNN), since
these architectures do not always complement each other well. LSSVR
can be sensitive to noise, and RBFNN requires precise adjustment of
centers and radii. Furthermore, it is worth noting that the context of the
data and its source must also be taken into account. For example, the
LSSVR and RBFNN algorithms were tested in homes in Ho Chi Minh City,
where energy consumption is highly heterogeneous and seasonal.

Finally, it is worth noting that the SVM model optimized with
Improved Particle Swarm did not present MAPE metrics.

3.2. Ensemble models for smart grids

Ensemble models originated intending to optimize the prediction
results of machine learning algorithms, generally combining method-
ologies such as decision trees, neural networks and support vector ma-
chines, to improve the accuracy of the results. Depending on the
different combinations, ensemble techniques can be presented as
bagging, boosting and stacking, which are methodologies to reduce
variance, and bias and improve generalization. In the specific case of
energy consumption, these techniques are useful to find intricate con-
sumption patterns in different scenarios such as buildings, smart homes
and large industrial systems.

As mentioned, some of the most representative methods described in
this chapter include Bagging (Random Forest), Boosting (Gradient

MAPE (Mean Absolute Percentage Error)
SVM-IPSO
SVM-GA
3.05 B SmartBuildings
PSVM-PMLP-MLR
= 1.5071 Residential
PSO-Stacking — 5.56 esidentia
PSOCA-GRNN 1.29 Regional
JS-LSSVR (SARIMA, LSSVR) 2.98 National
FCRBM-GWDO 1.1 )
M Industrial
ENMIM (LSSVR + RBENN +... 8.9
0 2 4 6 8 10

Fig. 5. Mape (mean absolute percentage error).
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Boosted Trees), and Stacking (heterogeneous models). When referring to
a Bagging methodology such as Radom Forest, it emphasizes a type of
model that works by training different decision trees, along with parallel
work using subsets of data from the original data. In turn, each tree
learns independently and then combines the different predictions made.
When a model is built this way, the variance is reduced, meaning the
data tends to behave more homogeneously. This makes it effective for
working with data with a lot of noise.

On the other hand, the Boosting methodology trains the models
sequentially, with the goal of each new decision tree correcting the er-
rors of the previous set of trees. In other words, it is a consecutive pro-
cess that improves as it goes through a greater number of correction
stages. To achieve this, the algorithm is assigned greater loads for
erroneous predictions so that it can focus on solving these types of
problems. This allows for the correction of systematic errors related to
abrupt changes in demand, such as those caused by climatic phenomena
or unexpected industrial variations.

A final model is called heterogeneous or "stacking," where different
algorithms are trained individually—for example, support vector ma-
chines, decision trees, or neural networks—which subsequently obtain
results that are used to train a metamodel, which learns to integrate all
the results of the individual models to improve the prediction of the
required data. This ensures that the model can adapt to the diversity of
consumption patterns, in addition to being able to integrate renewable
energies that are often intermittent, either due to the weather or be-
haviors that strictly depend on the users.

Fig. 6 illustrates the general structure of ensemble models, where
multiple algorithms are combined through techniques such as stacking,
voting, or averaging to enhance prediction performance.

While it is true that ensemble models significantly increase predic-
tion accuracy by combining multiple learning algorithms, this often
reduces interpretability. To counter this, we, as the progenitors of this
review, used variable importance techniques, such as SHapley Additive
exPlanations (SHAP) scores, gain ranking, or permutation importance,
primarily in models such as XGBoost and Random Forest. These tools
make it possible to identify the most relevant variables for predicting
energy consumption and, consequently, improve our understanding of
the model’s internal behavior.

The following studies illustrate the implementation and effectiveness
of ensemble models in predicting energy consumption.

Input Data

Preprocessing
Stage

Model 3 (KNN, REF,
etc.)

Model 1 (SVM) Model 2 (XGBoost)

Combiner

(Stacking / Voting /
Averaging)

Final Prediction

Fig. 6. General architecture of ensemble models for smart grids.
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A first example of this kind of model for energy consumption
calculation is the research carried out by Ref. [43] who proposed a
Stack-XGBoost ensemble model for the prediction of energy consumed
in the steel industrial environment, using active and reactive energy
consumption data, power factors and emissions data. The algorithms
implemented were base models such as Extra Trees Regressor (ETR),
AdaBoost, Random Forest Regressor (RFR) and Extreme Gradient
Boosting (XGBoost) as a meta-learner. As expected, the results of the
algorithm yielded excellent results with very promising metrics such as
an R? close to 0.99, as well as significant reductions in the RMSE and
MAE values. The authors claim that this model can improve operational
efficiency as well as reduce energy costs in this type of industry. The
article does not report MAPE values in its results.

Another relevant study [44], focuses on predicting transportation
energy demand in Tiirkiye using stacking ensemble models. The
research aimed to develop a reliable forecasting system that combines
19 ML algorithms with stacking ensemble techniques to support
decision-making in infrastructure policies and sustainability. The data-
set included critical indicators such as GDP, population, ton-km, vehi-
cle-km, passenger-km, and oil prices. The methodology evaluated
models with and without dimensionality reduction, utilizing a 4-fold
cross-validation approach. Metrics such as R%, MAE, MSE, RMSE,
RMSLE, and MAPE were used for performance evaluation. The Extra
Trees Regressor-based stacking model delivered the best performance,
achieving an R? of 0.99 when all variables were used and 0.98 with only
two selected variables. The study also highlighted that dimensionality
reduction and multicollinearity elimination significantly improved
model performance. These results demonstrate the stacking ensemble
model’s robustness in handling complex datasets and its potential
application in transportation energy management. The final model
achieved a MAPE of 3.03 %, with an RMSE of 335.31 and an R? of
0.9955.

Another important study to analyze is carried out by Ref. [45], where
the researchers build a model for the calculation of energy consumption
in different residential buildings, based on the Voting Regressor method.
To build this ensemble model, it was decided to take data from more
than 3000 residences in Jaipur, India, where different variables were
selected such as: building characteristics (type, size, materials and
windows), use of appliances (fans, air conditioners) and occupancy and
income levels. Finally, the ensemble model shows a good performance
since significant metrics were known such as a MAE of 0.0191, MSE of
0.0008, RMSE of 0.0291, RMSLE of 0.0192 and R? of 0.9751 on the test
data set. The model also achieved a MAPE of 5.0 %, confirming its strong
predictive performance.

On the other hand, research developed by Ref. [46] proposed an
ensemble model for energy consumption forecasts in residential build-
ings. The authors used spatiotemporal clustering techniques to improve
accuracy; here, K-means clustering was applied to segment spatial fea-
tures, in addition to combining Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) models to process temporal data. The data
used in this research were energy consumption variables recorded over
one year from smart meters installed in residential buildings in South
Korea. The ensemble model performed the best and yielded a MAE of
572.693 kWh, a RMSE of 737.369 kWh, a MAPE of 4.182 % at the
building level and 4.54 % at floor level and an r? score of 0.944. The
results of the study showed that the MAE of the proposed model was
improved by 18 % against that of an individual LSTM or GRU model,
establishing the benchmark of effectiveness for well-timed decision--
making for residential energy management and planning.

Continuing with the research review [47], proposed an improved
ensemble model with generative adversarial networks (GAN), with
stacking of 5 models: Stochastic Gradient Descent (SGD), Support Vector
Classification (SVC), XGBoost, LightGBM and K-Nearest Neighbors
(KNN). The performance of the algorithm is evaluated with the metrics
MAE, RMSE and RMSE (CVRMSE). The results showed that the
improved ensemble model with GAN outperformed the models that did
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not use this methodology, achieving reductions in MAE, RMSE and
CVRMSE of 1.71 %, 1.63 % and 4.72 %, respectively.

A similar research to the previous ones presented is the one carried
out by [48], who proposed a set model that presents two levels, whose
objective is the calculation of energy consumption in smart networks at
a regional level, in the short and long term. To train and validate the
model, a UMass Smart* data set is used, which presents variables of
energy use and climatic conditions. Once the model was executed,
metrics that represent the usefulness and success of the algorithm could
be observed, such as a precision of 95.6 %, a MAE of 0.00073 and a R? of
0.96.

As a final research of this section, the research presented by Ref. [49]
is analyzed, where the authors propose an algorithm for the calculation
and optimization of energy consumption based on the Deep Learning
and Random Forest models, using data on temperature, precipitation
and wind conditions, historical patterns, consumption and socioeco-
nomic factors. The results obtained show the following metrics: MSE of
0.008 and an accuracy of 95 % for the Deep Learning model, while the
Random Forest model achieved an MSE of 0.51 and an R? score of 98.7
%. This leads to the conclusion that the proposed model has a successful
accuracy compared to other individual models.

The following table summarizes the key findings about Ensemble
Models, which combine multiple predictive algorithms to enhance ac-
curacy, robustness, and generalization.

Furthermore, in this section, it was decided to compare the coeffi-
cient of determination metrics, since most articles do not present MAPE
values. Furthermore, since the research contexts are different, it is not
feasible to compare values such as MAE or RMSE. Fig. 7 summarizes the
value of this coefficient.

As analyzed, the Stack-XGBoost model presents an almost perfect
alignment with a coefficient of 0.9981, between the predictions and the
actual values in an industrial environment, however, all models have
good prediction since they exceed the threshold of 0.94. On the other
hand, comparing the 7 models with this parameter is limited since the
importance of errors in the evaluation of a model is ignored. Fig. 7 shows
a comparison of the MAPE of 4 of the 7 cited, as mentioned, the authors
did not present this metric in all the articles.

Among the 4 models compared in Fig. 8, the Stacking algorithm
Extra Trees (ET), Random Forest (RF), and Ridge Regression (Ridge)
applied to national energy consumption presents a lower MAPE with
respect to the others, this may indicate a greater prediction capacity,
despite being in a complex and massive context such as the national
scope. This result highlights the great capacity that this type of algo-
rithm has to make predictions. However, in the residential context, it
seems that the ensemble models are less efficient. It should be noted that
the effectiveness of a model also depends on the effectiveness with
which the data was taken and the context in which the research is
presented.

Coefficient of Determination
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Fig. 7. Coefficient of determination.
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3.3. Combination of statistical, ensemble, and Hybrid Models for Smart
Grids

It has been observed that the integration of traditional statistical
methods with advanced ML techniques has provided a viable approach
in the area of energy consumption forecasting. Such hybrid and
ensemble models incorporate conventional algorithms such as ARIMA
along with SVM or LSSVR. This integration leverages the ability of sta-
tistical methods to identify linear and seasonal trends as well as to use
ML to handle the challenges posed by non-linearities present in energy
data. This hybrid method is highly effective in various applications
including energy consumption prediction in smart grids and long-term
energy demand forecasting due to its high level of flexibility for accu-
rate use in various systems.

The use of the ARIMA technique together with LSTM lies in the fact
that the first one states, wants to address separately, the linear behaviors
that may present autocorrelation and seasonality, while in a second
section the LSTM algorithm tries to model the complex behaviors that
cannot be explained by ARIMA; thus, when the results are obtained
separately, they are combined and a more optimal solution is reached in
terms of energy consumption.Fig. 9 presents a general scheme of hybrid
models combining statistical and machine learning components for en-
ergy forecasting.

Therefore, the following studies will be discussed by looking at the
methodologies used, applications, and results of these models.

Interesting research is the one presented by Ref. [50] who propose
several combined machine learning models such as XG-Boost, Genetic
Algorithm, Support Vector Regression (SVR), and K-Nearest Neighbors
(KNN) to identify the most suitable set of historical climate and energy
consumption variables that are best suited for building the algorithm.
The performance of the various testing algorithms and the energy con-
sumption result data from Ref. [44] revealed that the hybrid algorithm
provided better improvement than the other individual algorithms. The
hybrid model showed a MAPE of 3.35 %, a MAE of 10.05, a MSE of
192.32, and a RMSLE of 0.02 over a three-month testing period. The
proposed model was specifically applied to short-term electricity de-
mand forecasting for the Jeju Island power grid, demonstrating effec-
tiveness in the complex task of predicting power demand from time
series data.

Another study is analyzed by Ref. [51], in which the authors create a
hybrid model combining neural networks with ARIMA models to take
advantage of the different strengths of these two methodologies, since
on their own they present different weaknesses depending on the nature
of the data. ARIMA effectively captures linear trends in energy con-
sumption data, while artificial neural networks (ANN) handle more
complex patterns, such as non-linear relationships. The hybrid algo-
rithm was applied to regional energy consumption forecasting using
data from Hebei province in China, focusing on short-term and
long-term predictions. The model demonstrated superior accuracy,
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Fig. 9. General architecture of hybrid models combining statistical and machine learning techniques.

achieving a RMSE of 92.45, a MAE of 73.8, and a MAPE of 0.311 %,
outperforming both standalone ARIMA and ANN models. These results
highlight the hybrid model’s capacity to reduce forecast errors and
capture both seasonal and irregular patterns in energy consumption
data.

On the other hand, a study carried out by Ref. [52] found significant
differences between several models for calculating energy consumption,
including statistical models (ARIMA, SARIMA), ML algorithms (Random
Forest, XGBoost, Decision Trees), DL methods (LSTM, CNN, RNN), and
hybrid models (LSTM-CNN, CNN-GRU). The research dealt with the
context of energy load forecasting in a regional framework. It was
worked with datasets that included energy consumption measurements
(hourly and daily) and meteorological variables such as temperature,
wind speed, and humidity collected from Spain, Germany, and the
United States. The study showed that hybrid deep learning models
outperformed a set of other models with variable performance in terms
of time and performed scenarios. The Hybrid model LSTM-CNN per-
formed best among all the ML and DL under test with a prediction ac-
curacy of 92 % in the case of Germany, 96 % in the case of the USA, and
98 % in the case of Spain. In instances where augmentation techniques
were used, the RMSE and MAE improved and thus validated the hybrid
models with values as low as 50.15. The hybrid models, particularly
those combining LSTM and CNN architectures, form the best architec-
ture among all others for predicting region-level consumption because
they capture both temporal and spatial features.

Continuing to analyze hybrid models, there is one study in particular
that calculates electrical energy production using a model called H-T
Transformer [53]. The authors combine two methodologies to achieve
optimization and high accuracy in the final results. First, they combine
the SARIMA methodology, which is very useful for working with linear
patterns, with a Transformer Neural Network model, which is generally
used when the data have nonlinear relationships and the goal is to
reduce residual errors. In this study, the researchers compared this
hybrid algorithm with other individual models, and as expected, H-T
Transformer performed better than the others, with values below 25 %
in the CV(RMSE) metric.

Other researchers decided to continue using the Transformer meth-
odology to optimize the calculation of energy consumption [54]. In this
experiment, it was decided to conduct an experiment with electricity
consumption in a house in Sceaux (Paris, France). For this, two models
were created: the first uses a combination of CNN and LSTM algorithms,
and the second uses Transformer. However, before doing so, a technique
called SWT is used to clean and prepare consumption signals. These
models were compared with more traditional methodologies such as
ARIMA, SVR, and Random Forest. Some of the results were: a RMSE of
0.1574 kW, a MAE of 0.1106 kW, and a MAPE of 11.72 %. This leads to
the conclusion that this hybrid model is more accurate in the weekly
resolution than the traditional algorithms with which it was compared.
To better illustrate the training performance of these models, Fig. 9
shows the convergence curves of both the CNN-LSTM-SWT and
Transformer-SWT architectures across 100 epochs.
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Fig. 10 shows how the prediction error decreases over training
epochs, reflecting effective convergence of the hybrid models.

Another relevant study to analyze is the one developed by Ref. [55]
here the researchers propose a hybrid model that is based on federated
learning which uses time series features in addition to a clustering al-
gorithm, among which are K-means-++ and Affinity Propagation, this is
done in order to calculate the energy consumption in different homes. If
compared with individual models, federated learning achieves notably
lower error rates and in addition to this it can maintain high data privacy
and reduce the communication load. As for clustering techniques such as
Affinity Propagation, they can improve prediction and performance
since it can group consumers into different profiles. Among the most
notable values of the results are lower RMSE metrics as low as 0.5473
and an average MAE of around 0.3517 in the different clusters.

On the other hand, researchers from [56], propose a hybrid model
which also tries to calculate and optimize energy consumption. This is
done by integrating several machine learning algorithms, among the
main ones are: Auto-regressive (AR), Multilayer Perceptron (MLP),
Extreme Learning Machines (ELM), Radial Basis Function (RBF) and
Echo State Networks (ESN), with ELM serving as the main combination
model. In order to train and validate this model, different measurements
of energy consumption and the historical behavior of the data were
made. Specifically, this research focused on analyzing data from
different homes. The final results yielded successful metrics such as
concordance index of 94.1 %, with MAE values around 0.0257, RMSE of
0.0434 and a MAPE of 13.54 %.

In a different context [57] proposed a system for the prediction of
short-term energy consumption for smart cities, implementing hybrid
and ensemble models such as LSTM, XGBoost, and LSTM-Transformer.
Among these algorithms, the authors conclude that the hybrid
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Fig. 10. Convergence curves of CNN-LSTM-SWT and Transformer-SWT models
during training over 100 epochs. Reproduced from Ref. [54].



V.H. Rondén-Cordero et al.

LSTM-Transformer model achieved the best performance for industrial
energy consumption in Berlin, with an RMSE of 0.087, MAE of 0.053
MW and a MAPE of 0.57 %. The dataset referred to as JERI-CHO-E usage
is characterized by industrial sectors, including some of the following
important variables: time (hour, day, month), lighting energy factors,
and some ICT data. This research is particularly applied to industrial,
commercial, and residential environments and therefore is relevant for
urban environments in terms of smart grid context.

Continuing with the model exploration [58] created a hybrid algo-
rithm that uses tools such as XGBoost, CatBoost, and Random Forest to
improve prediction accuracy by first imputing missing values in the
dataset before applying the predictive models. The methodology focuses
on imputing missing or incomplete values to improve the reliability of
the results. The hybrid model achieved significant improvements in
prediction accuracy, with an R? of 0.9212, outperforming individual
models such as XGBoost (0.8195) and CatBoost (0.8294) and reaching a
MAPE as low as 0.81 %.

Another interesting analysis model is proposed by Ref. [59] who
developed a hybrid algorithm for China’s energy consumption. The
model integrates the Group Method for Data Handling (GMDH) with
AdaBoost ensemble techniques and nonlinear prediction models
including Backpropagation (BP) neural networks, Support Vector
Regression (SVR), Genetic Programming (GP) and Radial Basis Function
(RBF) networks. This multi-model effectively outperformed 7 other
more basic models in terms of efficiency and accuracy. Some of its key
metrics were as follows: MAPE as low as 1.20 % and RMSE of 0.4672.
The relative error remained mostly between —3 % and +3 % as shown in
the error plots. In addition, the metrics of MAPE and MSE showed im-
provements compared to traditional models.

A different study by Ref. [60] analyzed energy consumption in
China, using a combined model based on ARIMA(2,1,1) and GM(1,1)
methodologies. Some of the observations are that the ARIMA(2,1,1)
model performed well for long-term trends, while GM(1,1) was able to
perform better with recent data, despite this, the model performed well,
achieving a mean absolute percentage error (MAPE) of 2.30 %,
compared to 4.62 % for ARIMA and 3.75 % for GM(1,1). The article
points out that thanks to this model it was possible to show that energy
consumption in China is growing at a slower rate, which is important to
implement different strategies regarding this energy consumption.

Another hybrid model studied is the one developed by Ref. [61] who
evaluated different machine-learning techniques to calculate energy
consumption in residential buildings using real data from an experi-
mental smart grid. The research performs simulations with simple,
hybrid, and ensemble models. In this global comparison of models, it is
determined that models with a hybrid approach are more accurate than
individual models or even ensemble algorithms, achieving a MAPE of
15.657 %, with MAE values around 0.028 and RMSE values as low as
0.164. This finding is important since a hybrid model can be directly
selected if what is desired is efficiency and accuracy when calculating
energy consumption. It should be noted that the selection of these
models is also based on the intrinsic nature of the data; therefore, pre-
liminary statistical studies must be carried out and the context of the
research must be understood to select the appropriate model.

The following table summarizes the key findings about Statistical,
Ensemble, and Hybrid Models for Smart Grids, highlighting their inte-
gration to capture both linear and nonlinear energy consumption
patterns.

These Statistical, Ensemble, and Hybrid Models are particularly
effective in handling energy consumption forecasting in structured
datasets but face challenges in adapting to highly volatile or incomplete
data scenarios.

As in the previous sections, the MAPE was compared for this type of
models. Fig. 11 shows that the best model is the LSTM + Transformer,
applied in industrial environments, with a MAPE of 0.57 %. This could
happen because this type of algorithm can work with time and nonlinear
patterns that present high complexity. In addition, as mentioned above,
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MAPE of Combination of Statistical, Ensemble, and Hybrid Models

XGBoost + GA + SVR + KNN
XGBoost + CatBoost + RF
Transformer + SWT
SARIMA + Transformer
SARIMA + MetaFA + LSSVR
LSTM-CNN
LSTM + Transformer

GMDH + AdaBoost + SVR + RBF...
Federated Learning + KMeans++
Ensemble con ELM
ARIMA +GM(1,1)
ARIMA + ANN

3.35
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11.72

B Smart buildings

15.657
Residencial

- 057 Regional
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Nacional
13.54 B Industrial

2.3
0.311
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Figura 11. MAPE of combination of statistical, ensemble, and hybrid models.

data taken in industrial environments can have more stable patterns
since these processes are often automated. On the other hand, the hybrid
Ensemble Learning model with Extreme Learning Machine (ELM) was
the one that had the worst performance with 13.54 % applied to the
smart buildings sector, this could happen due to the complexity of the
factors influencing energy consumption in these environments, which
can include variables such as occupancy patterns and energy efficiency
systems.

3.4. Hybrid and ensemble ML models for consumption forecasting:
applications to microgrids

A microgrid is a decentralized electrical network that integrates
different energy sources and has local storage and consumption. This
microgrid can be connected to a larger electrical network or it can also
operate independently. The use of this type of network allows resources
to be managed more efficiently, whether renewable or non-renewable
since they can improve the resilience of the electrical supply and can
also reduce losses in the transmission process.

This section will examine different investigations in which the au-
thors use hybrid and ensemble models to predict energy consumption in
this type of microgrids, where they combine the efficiency of multiple
algorithms to improve accuracy in complex situations where there are
different types of significant variations caused by the integration of
renewable sources, such as solar and wind.

The first study analyzed in this research is the one published by
Ref. [62], which focuses on the prediction of energy consumption in this
type of system. The main objective of the work is to propose a hybrid
model which is based on the use of self-adaptive fuzzy logic and is also
optimized through evolutionary strategies and the GRASP procedure.
The data used by the researchers are classified for residential and
commercial microgrids. Once the algorithm was developed, it was tested
on real microgrids to obtain different results, which showed that the
MAPE was less than 10 % in most cases. In particular, MAPE values of
5.039 % and 7.029 % were obtained for microgrid D, which shows that
the model improves the accuracy of the calculations despite the high
variability of the data. In terms of RMSE, the results were also
competitive, with values such as 13.162 MW and 16.456 MW for
different validation weeks.

Another relevant study that was chosen for the analysis is the one
published [63] where researchers analyze the use of machine learning or
artificial intelligence (AI) models to improve the integration of micro-
grids with renewable sources such as solar, wind and water sources such
as ocean waves. To meet the objectives of the research work, it was
decided to perform simulations in the MATLAB software with the
Simulink application, where an artificial neural network algorithm
(ANN) was specifically used, which was combined with particle swarm
optimization (PSO), seeking that the integration of these two models
would improve the prediction of the simulations in addition to the
optimization of the processes. The results of the simulations managed to
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obtain a Normalized Mean Square Error (NMSE) of 1.10 % and a MAPE
of 5.04 % in 3367.50 s, evidencing an accuracy of 98.9 % in the pre-
dictive models. The study concludes that Al significantly improves
microgrid management by optimizing demand prediction.

Another relevant study is the one published by Ref. [64], where re-
searchers focus their work on predicting energy demand in microgrids,
specifically with highly variable loads. To do this, the authors evaluated
15 prediction methods that include statistical models, machine learning
(ML) techniques, and ensemble methods, which were compared to each
other. To apply the simulations, energy consumption data from two
circuits of a wastewater treatment plant were used, which were char-
acterized by high changes in demand over time. As expected, in the
analysis of results, it was evident that the best method was Support
Vector Regression (SVR), which achieved precision values higher than
92 % (R = 0.9269) a reduced RMSE, and a MAPE of 61.78 %. This high
MAPE value is mainly due to the highly variable and unpredictable
nature of the power demand data analyzed.

In another context, the research carried out by Ref. [65] focuses on
the study of urban microgrids based on renewable energies, specifically
on the prediction of energy consumption. For this, the authors devel-
oped a hybrid model that combines the LSTM and SARIMAX algorithms
whose objective is to improve the accuracy in the prediction of the
electric load and wind power generation. To carry out the simulations,
the researchers used historical data of variables such as electric con-
sumption and wind speed in Montreal, Canada. In the final results, it was
observed that the MAPE for load forecasting was reduced to 7.36 %, and
the RMSE to 44.45, showing a significant improvement compared to the
individual models. Similarly, for wind forecasting, the RMSE was
reduced by 10.5 %-16.6 %, compared to the use of isolated prediction
models that did not apply algorithmic combination techniques.

Another particular study is the one developed by Ref. [66], which
designs a hybrid model for forecasting energy consumption in
low-carbon microgrids. The methodology proposes combining highly
complex data decomposition techniques, such as the decomposition of
empirical modes in sawtooth ensembles (Ensemble Empirical Mode
Decomposition - EEMD) and time series prediction, such as Convolu-
tional Long and Short-Term Memory (CLSTM) neural networks, which
were optimized by the Grey Wolf Optimizer (GWO) algorithm. This
research used two sets of real data on household energy consumption,
the first one made up of 200 homes with records every half hour and
another one of 300 homes where the record is made every hour. Once
the simulations were carried out, the results obtained showed a reduc-
tion in RMSE by 80 % compared to traditional models and an
improvement in R of 3 %. The best model achieved a MAPE of 4.16 %,
which reflects excellent short-term forecasting accuracy.This accuracy
allows microgrids to anticipate energy consumption with much greater
precision. All of this helps to integrate renewable energy, as well as
contributing to the emergence of demand-side management methodol-
ogies, such as dynamic pricing and demand response programs.

Finally, significant work is the one carried out by Ref. [67], who built
a hybrid model for short-term energy consumption prediction in a solar
microgrid using data from advanced metering infrastructures (AMI).
The model makes use of convolutional neural networks (CNN) and
bi-directional gated recurrent units (Bi-GRU), which are optimized by
hyperparameter tuning. To achieve this, the data considered are elec-
trical consumption, solar energy production, battery storage and a set of
meteorological variables collected every 15 min in Taiwan for 14
months. The model obtains improvements of up to 71.88 % and 49.54 %
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in the values of MSE and MAE, respectively, compared to other models
such as RNN, LSTM and GRU, which allows optimizing the management
of the microgrid.

As can be seen, both hybrid and ensemble models are highly effective
in the context of microgrids, especially those that combine algorithms
containing architectures such as LSTM and CNN, which make the pro-
cess more assertive and better optimized, even facilitating the integra-
tion of renewable energy sources. Specifically in this microgrid system
scenario, where stability and energy efficiency depend on rapid and
accurate responses, these models can improve these processes thanks to
their ability to make real-time energy consumption predictions.

Fig. 12 shows how the Ensemble Empirical Mode Decom-
position—Convolutional Long Short-Term Memory-Grey Wolf Optimizer
(EEMD-CLSTM-GWO) model, with a MAPE of 4.16 %, applied to low-
carbon residential microgrids, performed best compared to the others.
This set of techniques appears to have been successful in making the
model perform optimally. On the other hand, the Support Vector
Regression (SVR) algorithm applied to industrial microgrids achieved a
MAPE of 61.78 %. This could be due to the extreme unpredictability and
volatility of the demand data recorded every 10 s.

3.5. Validation methods in the reviewed studies

When performing these types of simulations with artificial intelli-
gence, it is important to ensure that the results are valid, that the outputs
have reliable values, and that these models can be used in different
scenarios in the future. Therefore, proper validation is important.

To achieve this, studies generally use three types of methodologies:
rain-test split, walk-forward, and out-of-sample. When the "rain-test
split" technique is used, it refers to using part of the data for training and
another part for validating the results. This validation is generally done
comparatively, ensuring that the calculated data are similar to the real
data. On the other hand, the "walk-forward" technique uses progressive
training windows to make predictions based on the data. Finally, the
out-of-sample methodology validates the procedure by taking into ac-
count a different time sequence between the training and comparison
data; that is, it consists of training the model in one data period and
validating it in a subsequent time period not used during training. It
should be noted that these three categories were mostly used by the
different authors cited in this study.

MAPE Micro Grids

SVR (5_inputs) 61.78
Self-adaptive fuzzy logic +... 5.039
: B Smart buildings
Model
Residential
Hybrid LSTM + SARIMAX 7.36

Regional
EEMD-CLSTM-GWO 4.16 ;
M Industrial
CNN + Bi-GRU

ANN + PSO 5.04

Fig. 12. Mape Micro grids.
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4. Discussion

Hybrid models have shown high efficiency compared to traditional
or individual models, proving that they can solve problems where the
variables have even non-linear behaviors. The precision that these types
of models manage has been developed in different scenarios, such as
smart buildings and industrial complexes. The review of the different
studies shows that predictive models based on hybrid and ensemble
techniques offer better performance in terms of accuracy and absolute
error in the field of smart grid applications. In this sense, the results
offered by ensemble models, such as Random Forest and Gradient
Boosted Trees, and models based on neural networks, such as LSTM and
Bi-GRU, reveal accuracies greater than 90 % and reductions in RMSE of
up to 80 % compared to traditional statistical methods, respectively. As
for absolute errors, the MAPE relative errors obtained in most cases are
less than 10 %, which shows that they are capable of handling the
variability of the energy load and changes in demand efficiently.

Ensemble models have shown significant improvements in reducing
prediction errors and increasing robustness by integrating multiple base
algorithms. This happens because by combining different methods they
can capture complex patterns in the energy system in different scenarios.
However, one of the limitations is the computational cost and the need
to obtain abundant and high-quality training data.

While complex preprocessing techniques such as temporal analysis
and data augmentation using GANs were a game-changer, hybrid and
ensemble models have greatly benefited from these techniques.
Furthermore, methods such as feature selection, recursive feature
elimination (RFE) or clustering have also been shown to additionally
contribute to improving accuracy and noise in the dataset. Data quality
and proper identification of independent variables remain important
aspects for the success of these approaches.

Another limitation observed in this research is the difficulty in
generalizing the results of each model, since many of these studies are
applied to specific contexts with very small sample sizes, such as homes,
industrial complexes, and smart buildings (e.g., the UMass Smart*
dataset, smart homes in the United Kingdom, industrial plants in India).
Because of this, it is difficult to objectively extrapolate the results to
more general energy consumption contexts orto make valid comparisons
between the different case studies. Furthermore, the data used to train
the models sometimes face privacy issues, since in many sectors these
data are not public, this problem complicates the reproducibility and
comparability of the results. Therefore, to improve future analyses, we
propose promoting the use of open-access reference data, in addition to
developing standardized protocols for the collection, analysis, and
development of each model. This could ensure better comparability in
calculating energy consumption.Both hybrid and ensemble models are
suited to different contexts in consumption calculation, from residential
networks, and smart buildings to industrial complexes. The challenge for
researchers is data collection, especially at national or regional scales
where data comes from multiple sources and must be in a specific
structure with certain statistical characteristics so that models can be
trained. Researchers need to take into account the availability of data in
order to propose different solutions with these machine-learning
models.

When discussing the selection criteria for the correct model to use, it
is important to mention the nature of the data itself, for example, when
energy consumption is highly influenced by non-linear factors and that

14

Table 5

Renewable and Sustainable Energy Reviews 224 (2025) 116095

Statistical, ensemble, and hybrid models for smart grids.

Studied Models

Characteristics

Applications

Machine Learning
& Hybrid
Models

Deep Learning
Models

Federated and
Clustering-
Based Models

Time Series &

The combination of these
algorithms is done with the aim
of improving the accuracy of
the calculations.

It Transformer-based models to
capture temporal and spatial
patterns

It enhance data privacy and
improve prediction
performance.

It capture long-term trends and

Smart Grids for regional,
residential, and smart
buildings [50,51,61]

Smart Grids for regional
and industrial
consumption [52,57]
Smart Grids for residential
consumption [54,55]

Smart Grids for regional

Combined recent data changes. energy consumption [53,
Statistical 60]
Models
Hybrid and It focuses on maximum data Smart Grids for residential
Ensemble optimization and error and industrial
Models reduction. environments [56,58,59]
Table 6

Hybrid and Ensemble ML models for consumption forecasting: applications to
microgrids.

Studied Models Applications (Smart Grid Context)

Hybrid Model with Fuzzy Logic
ANN + PSO

Ensemble Methods

LSTM + SARIMAX

CLSTM + EEMD + GWO

CNN + Bi-GRU

Residential and commercial microgrids [62].
Smart buildings [63].

Industrial microgrids [64].

Urban microgrids and renewable energy [65].
Residential microgrids [66].

Smart solar microgrids [67].

Table 7
Validation and regularization techniques employed across all reviewed studies.

Validation/Regularization Technique References (Article No.)

Train-test split/Hold-out [17-30,35-40,42-53,55-62,

64-67]
k-fold cross-validation/Bootstrap [31,32,35,37,41-46,67]
Dropout [31,66]
Hyperparameter optimization (metaheuristic/ [23,31,32,35-42,44-46,49,50,56,
grid/manual) 61,62,67]
Signal decomposition (EMD, SSA, Wavelet, [26-29,32,66]
etc.)
Data augmentation (GAN, InfoGAN, cGAN, [47]
etc.)
No robust validation/regularization reported [33,34]

have heterogeneous properties such as meteorological, social and eco-
nomic variables, hybrid models are the most effective to capture this
type of interactions that are often complex and do not necessarily have
linear behaviors, this happens because each model that is part of the
hybrid algorithm has different strengths that can be combined to solve
this type of problem. On the other hand, ensemble models are better
suited to work with data that are robust and tend toward homogeneity.

It can be observed that the vast majority of complex models, whether
hybrid or ensemble, improve measurement accuracy compared to
traditional machine learning models. However, it is important to high-
light that there may be a risk of overfitting, especially in scenarios with
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Fig. 13. Frequency of validation and regularization techniques reported in the reviewed studies.

small and noisy data; this can be assessed with some validation tech-
niques described in the literature. In this review, some authors present
conventional methodologies for performing this evaluation, such as the
train-test split, walk-forward validation, or out-of-sample validation.
Some authors even use more rigorous techniques such as k-fold cross-
validation, in addition to metaheuristic optimization and feature selec-
tion techniques (e.g., PSO, GA, GWO), which are widely used for
hyperparameter tuning but do not replace comprehensive validation for
overfitting. Considering the above, it is pertinent that future research
structures more advanced validation methodologies to mitigate the risk
of overfitting in the different models. It is also recommended that au-
thors report, in a clearer structure, the methodology used to solve this
problem that arises in robust algorithms such as hybrid and ensemble
algorithms. A summary of the main validation and regularization tech-
niques used in the reviewed studies is presented in Table 7 and Fig. 13
below.

The most commonly used methodology is the simple train-test split,
while techniques such as dropout and data augmentation are the least
frequently applied across all reviewed studies.

Another important criterion to analyze when selecting an appro-
priate model for calculating energy consumption is the stratification of
the time series since hybrid models such as LSTM or Transformer are
more effective when the time interval is too small, such as minutes,
seconds, or milliseconds, while combined statistical algorithms such as
ARIMA-XGBoost are better suited to monthly or annual time series. This
is important to mention since data often present different configurations
in terms of time, and the researcher must adapt his calculations to this
data configuration.

In more robust systems such as national or multi-energy systems, a
good model must be selected that adapts to this type of configuration, for
example, ensemble techniques combined with evolutionary optimiza-
tion such as PSO-Stacking adapt well to this type of data, however, it
must be taken into account that the implementation of these models in
real-time has great computational limitations, which is why they present
new challenges for researchers, where new hybrid models are proposed
that combine computational efficiency with the precision of the calcu-
lation of energy consumption.

In spite of hybrid and ensemble models like CNN-BiGRU, trans-
formers, stacking, and federated learning achieving previously unlikely
predictive accuracies, a full review of the literature shows that scaling
and real-time applicability remain formidable challenges to the actual-
ization of these solutions in the energy sector. None of the studies
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evaluated implements or validates their models in an edge computing
environment or on resource-constrained embedded hardware(e.g., [oT
smart meters or residential controllers). All tests and evaluations are
performed in laboratories, personal computers, or high-performance
servers, focusing solely on predictive accuracy metrics such as MAPE,
MAE, or RMSE, while bypassing any investigation of latency, inference
times, and computational energy use, this presents a significant gap
between academic development and real-world implementation, espe-
cially when much of this research—because of its complexity and
computational demands—may prove unfeasible to implement on low-
power devices, which are the standard in edge computing and IoT
infrastructure. Although federated learning shows promise in addressing
privacy concerns and data distribution, the majority of papers present
only simulations without experimental testing on hardware.

In future research, this type of algorithm can be implemented taking
into account other types of independent variables, for example, opti-
mizing the calculation of energy consumption in specific countries,
taking into account renewable and non-renewable energy production, in
addition to variables such as imports, socioeconomic behavior, among
others.

On the other hand, in future research, combinations of hybrid models
with ensemble models could be explored to further improve the accu-
racy of the calculation of energy consumption; however, it is a challenge
since these types of combined models require a high computational cost.
However, it could be hypothesized that the prediction would be above
any hybrid or ensemble model on its own.

4.1. Ethical, privacy, and implementation concerns in Al-based energy
forecasting

In these types of machine learning models, data must be collected
from both energy consumers and different operations, which are sus-
ceptible to privacy violations. It is important that these investigations be
conducted in compliance with the General Data Protection Regulation
(GDPR) in Europe, which requires standards for consent, data minimi-
zation, and data access rights to address cybersecurity threats. It is
essential to implement robust encryption, authentication protocols, and
continuous monitoring to ensure data privacy and security.

Furthermore, these types of models can amplify biases present in the
data, which can lead to unfair or discriminatory results, affecting
vulnerable populations. Therefore, it is important to identify and miti-
gate these problems from the outset. Furthermore, some algorithms are
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trained with data that is not open to the public, or that is partially pri-
vate, and this does not allow for adequate transparency in the results
obtained. Therefore, it is important for developers to implement equity
metrics, conduct audits, and work with public data to ensure that the
results are reliable and not skewed toward particular interests or biases.

Specifically in the energy field, bias problems generated in the con-
struction of these machine learning models can include, for example,
incorrectly assessing energy needs or credit risks, which can lend
themselves to the manipulation of energy rates. Furthermore, there is
also the risk of exposure to cyberattacks that disrupt the proper func-
tioning of the energy system, in addition to influencing government
decision-making regarding energy consumption and production.

As mentioned, it is important that, when manipulating data and
building these types of models for the energy sector, recognized ethical
frameworks be established to guide the responsible development and
implementation of Al technologies, initiatives such as the IEEE Ethically
Aligned Design and the European Union’s Artificial Intelligence Act can
be taken into account when building these types of models in the future,
to ensure complete transparency and security in both the training of the
algorithms and the results obtained.

5. Conclusions

The choice between a hybrid model or an ensemble model for
calculating energy consumption depends on the objectives set out in the
research since hybrid algorithms are more effective when capturing
linear and non-linear patterns, as well as seasonal trends and fluctua-
tions that tend to be unpredictable. Ensemble models are more
commonly used to improve accuracy since the combination of multiple
algorithms makes the data fit towards a solution as accurately as
possible; However, these ensemble models have a problem that has to do
with the computational complexity they require. Knowing this, an
analysis of objectives, the nature of the data and computational re-
sources must be raised in order to select the appropriate model for
calculating energy consumption.

Data quality and the appropriate selection of the multiple machine
learning model is a fundamental action for energy consumption pre-
dictions to be highly effective in all simulations, for example, techniques
such as temporal decomposition, data augmentation with GAN and
redundancy elimination using RFE are better in the accuracy of pre-
dictions compared to simpler or individual models, however, these
strategies must be adapted to the characteristics of the data and the
context of the research, since not all models adapt to all possible existing
situations.

Both ensemble models and hybrid models have been adapted to
different problematic situations in the field of energy consumption,
however, at a national level, further advances are required regarding
scalability and computational efficiency, since these simulations in real-
time present several computing challenges, however, the use of tech-
niques such as attention mechanisms, evolutionary optimization and
deep learning could serve to overcome these limitations without
compromising the efficiency of energy consumption calculation.

The studies analyzed show that energy consumption is highly
influenced by different variables of a non-linear nature such as tem-
peratures, climatic states, socioeconomic dynamics and energy
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production, therefore, it is strictly necessary that the prediction of this
parameter be modeled with advanced algorithms that can work with this
type of variables, since both hybrid models and ensemble models can
address the different challenges presented by these specific data
configurations.

The results obtained from the studies analyzed show that the use of
advanced algorithms such as neural networks, LSTM, GRASP, Random
Forest, Bi-GRU, etc. allows for the reduction of error metrics such as
MAPE, RMSE, NMSE, achieving accuracies of over 90 % in many cases.
Thanks to these metrics, it can be seen that this type of model is very
important when talking about stability in a Microgrid, as well as the
transition towards systems with low levels of carbon emissions.

Temporal variables have a significant effect on the calculation of
energy consumption in machine learning models, such as hours of the
day, days of the week or seasons, since algorithms that integrate these
variables in their construction tend to have greater precision, since they
take into account peaks and fluctuations that are only seen when
analyzing this type of variability over time. Among the models that are
best optimized with this type of temporal parameters are hybrid algo-
rithms with temporal decomposition or those based on attention
mechanisms.

The analysis of the reviewed studies shows that applications of pre-
dictive models in smart grids and microgrids are mostly represented by
the residential sector, with around 43 % of the studies, followed by the
industrial sector, which covers approximately 26 %. Meanwhile, appli-
cations in smart buildings represent around 13 %, while the regional
energy consumption category corresponds to 19 % of the studies
analyzed.

Although hybrid and ensemble models have shown very good results
in research, several practical problems arise when trying to use them in
the real world. For example, making real-time forecasts, which is very
important for smart grids, requires models to update very quickly (with
low delay) and learn from new data almost immediately, and this is not
yet fully achieved with current models. Another problem is that the
actual data used in the real world are not as perfect as those in studies:
there are missing data, measurement errors in sensors, and data that
come from very different sources (heterogeneous). All of this can
significantly harm the accuracy of models when they move from labo-
ratories or simulations to real-world use in companies or power grids.

When working with explanatory variables that are quite fluctuating
and with inherent intermittencies, such as solar, wind energy production
and climate, studies show that hybrid models that combine deep neural
networks with evolutionary optimization techniques are superior in
accuracy and optimization compared to simpler or individual models,
since they can handle these uncertainties so as not to neglect the pre-
dictive capacity and stability of the algorithm.

Prior literature does not fully assess the feasibility of implementing
these advanced models on hardware-constrained devices. For model
frameworks to appeal in the marketplace, it is critical that future work
focus on computational efficiency, reducing model complexity, and
experimentation on actual physical platforms to confirm real scalability
and applicability within smart energy systems that function in real time
and under edge computing and IoT conditions.It is important to develop
new methodologies that provide solutions to computing time problems,
for example, the creation of new large-scale data acquisition methods,
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Appendix

Case of application

Scopus and Web of Science have been chosen as reference databases for this research, the reason relies on the relevance of these two databases.
Scopus covers more than 24000 peer-reviewed journals, conferences and books from worldwide similarly Web of Science covers more than 25000
journals from 80 countries. In addition to the wide coverage of high-quality research in the fields of engineering and technologies, these two reliable
platforms both provide data on citations, fields of the research article and a wide variety of search metrics to evaluate the impact of the research
articles. Taking into account that, other databases have been excluded from the analysis.

To ensure the relevance and quality of the articles retrieved from these databases, a pre-screening process was implemented. This process involved
establishing specific criteria to filter articles, focusing on aspects such as publication years, document type, accessibility, and the inclusion of studies
reporting quantitative performance metrics. The details of these criteria are summarized in Table 8.

Table 8
Screening process and selection criteria
Screening process Criteria Details
Pre-screening Phase Publication Years 2012-2024
Max date of Publication December 2024
Topic keywords Hybrid ML models

Ensemble ML models
Multi-level ML ensemble models
Energy consumption forecasting
Energy demand prediction
Energy load forecasting

Metrics Articles reporting quantitative performance metrics (e.g., RMSE, MAE).
Document Type Included: Research article; Review article.

Excluded: Conference proceedings, theses, and grey literature.
Accessibility Open Access

As can be seen in Table 8, different keywords were selected that are representative of the topic investigated in this review, which were used in the
Scopus and Web of Science search engines. These words were classified as follows:

Hybrid and ensemble machine learning models: " Hybrid Machine Learning Models", " Ensemble Machine Learning Models", " Multi-level Machine
Learning Ensemble Models".

Energy prediction: "Energy consumption forecast", "Energy demand prediction", "Energy load forecast"

To visualize the relevance and growth of these keywords over time, the frequency of publications associated with each term was analyzed indi-
vidually. The results are presented in grouped figures, where the first set of graphs illustrates the trends for keywords related to hybrid and ensemble
machine learning models, and the second set focuses on energy prediction terms. This analysis, conducted using the Scopus database, provides insights
into the interest and applicability of these topics within the scientific community over the period 2012-2024.
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Fig. 14. Frequency of publications for keywords related to hybrid and ensemble machine learning models (2012-2024).

Fig. 14 illustrates the annual frequency of publications for each keyword related to hybrid and ensemble machine-learning models. Panel A
highlights the increasing interest in hybrid models, while Panel B shows consistent growth in ensemble models. However, for "Multi-level Machine
Learning Ensemble Models" (Panel C), no results were obtained in Scopus, indicating that this specific term has not been widely adopted or explored in
the scientific literature within the analyzed timeframe.
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(c) Keyword search: Energy load forecasting (96 documents)

Fig. 15. Frequency of publications for keywords related to energy prediction (2012-2024).

Fig. 15 illustrates the annual frequency of publications for each keyword related to energy prediction. Panel A demonstrates the growing interest in
energy consumption forecasting, Panel B highlights consistent research activity in energy demand prediction, and Panel C reflects the increasing focus
on energy load forecasting in recent years.To further refine the literature search, the representative keywords from both categories were combined
using the Boolean operators "AND and OR. This approach aimed to identify studies that explore different types of ensemble or hybrid models applied to
the calculation of energy consumption. By using OR, synonyms and closely related terms within the same category were grouped. The AND operator
was then used to intersect the two categories, linking machine learning models with energy prediction, thus narrowing the results to studies that
directly address the objectives of this review. Figure 16 shows the results of the total number of publications in Scopus and Web of Science, which were
found with the search equations cited in Table 9.
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Fig. 16. Annual distribution of publications from Scopus/Web of Science using the final search equation 2012-2024.

The final result of this combination of words and operators can be seen in Table 9, which summarizes the different search equations in the two
selected databases.

Table 9
Search queries and the number of selected articles.
Database Search Query Time Initial Selected
Range Results Articles
Scopus TITLE-ABS-KEY ("ensemble model" OR "hybrid model") AND TITLE-ABS-KEY ("energy consumption forecasting" OR ~ 2012-2024 65 40
"energy demand prediction" OR "energy load forecasting")
Web of TS=("ensemble model" OR "hybrid model") AND TS=("energy consumption forecasting" OR "energy demand 2012-2024 42 10
Science prediction” OR "energy load forecasting")
Other 2012-2024 17 17

As can be seen the combination of articles between Web of Science, Scopus and other sources was a total of 124, with some articles duplicated in the
databases. Scopus provides the majority of results with 65 articles, while Web of Science returns 42 and 17 articles were selected from different
databases (Table 9). A final selection of 67 articles has been analyzed.

To facilitate the understanding of the models and algorithms discussed throughout the manuscript, a comprehensive list of abbreviations used in
this review is provided below (Table 10)
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Table 10
List of Model Abbreviations Used in This Review

Abbreviation Full Term/Meaning
LSTM Long Short-Term Memory
CNN Convolutional Neural Network
CNN-LSTM Convolutional Neural Network-Long Short-Term Memory
BiGRU Bidirectional Gated Recurrent Unit
GRU Gated Recurrent Unit
PLSTM Parallel Long Short-Term Memory
EDA-LSTM Enhanced Dual Attention Long Short-Term Memory
Transformer Attention-Based Neural Network
GRU-MMattention Gated Recurrent Unit with Multi-Modal Attention
Improved-CNN Enhanced Convolutional Neural Network
SSA Singular Spectrum Analysis
VMD Variational Mode Decomposition
EMD Empirical Mode Decomposition
QES Quadratic Exponential Smoothing
ANFIS Adaptive Neuro-Fuzzy Inference System
GEP Gene Expression Programming
ADE Adaptive Differential Evolution
PSO Particle Swarm Optimization
SVM Support Vector Machine
LSSVR Least Squares Support Vector Regression
RBFNN Radial Basis Function Neural Network
GRNN General Regression Neural Network
MLR Multiple Linear Regression
MLP Multilayer Perceptron
DNN Deep Neural Network
RNN Recurrent Neural Network
BP Backpropagation (Neural Network)
ELM Extreme Learning Machine
ESN Echo State Network
GMDH Group Method of Data Handling
GP Genetic Programming
FCRBM Factorized Conditional Restricted Boltzmann Machine
GWDO Genetic Wind-Driven Optimization
SOS Symbiotic Organism Search
JS Jellyfish Search
SARIMA Seasonal Autoregressive Integrated Moving Average
ARIMA Autoregressive Integrated Moving Average
GM(1,1) Grey Model (First order, one variable)
XGBoost Extreme Gradient Boosting
AdaBoost Adaptive Boosting
LightGBM Light Gradient Boosting Machine
RF Random Forest
RFR Random Forest Regressor
ETR Extra Trees Regressor
VR Voting Regressor
SvC Support Vector Classification
SGD Stochastic Gradient Descent
KNN K-Nearest Neighbors
K-means K-means Clustering Algorithm
K-means—++ Improved K-means Clustering
GAN Generative Adversarial Network
AFF-PROP Affinity Propagation
DL Deep Learning
ML Machine Learning
RL Reinforcement Learning
DRL Deep Reinforcement Learning
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